Abstract. An inverse error variance weighting of the anomalies of three terrestrial evaporation (ET) products from the WACMOS-ET project based on FLUXNET sites is presented. The three ET models were run daily and at a resolution of 25 km for [2002][2003][2004][2005][2006][2007], and based on common input data when possible. The local weights, derived based on the variance of the difference between the tower ET anomalies and the modelled ET anomalies, were made dynamic by estimating them using a 61-5 day running window centered on each day. These were then extrapolated from the tower locations to the global landscape by regressing them on the main model inputs and derived ET using a neural network. Over the stations, the weighted scheme usefully decreased the random error component, and the weighted ET correlated better with the tower data than a simple average. The global extrapolation produced weights displaying strong seasonal and geographical patterns, which translated into 10 spatiotemporal differences between the ET weighted and simple average ET products. However, the uncertainty of the weights after the extrapolation remained large. Out-sample prediction tests showed that the tower data set, mostly located at temperate regions, had limitations with respect to the representation of different biome and climate conditions. Therefore, even if the local weighting was successful, the extrapolation to a global scale remains problematic, showing a limited added 15 value over the simple average. Overall, this study suggests that merging tower observations and ET products at the time and spatial scales of this study is complicated by the tower spatial representativeness, the products coarse spatial resolution, the nature of the error in both towers and gridded data sets, and how all these factors impact the weights extrapolation from the tower locations to the global landscape. 
Introduction
The surface latent heat flux governs the interactions between the Earth and its atmosphere (Betts, 2009) , is an essential component of the water and energy cycles (Sorooshian et al., 2005) , and thus plays a key role in the climate system and on the linking of biochemical cycles (Wang and Dickinson, 2012) . Terrestrial evaporation (ET) -the associated flux of water from land into the atmosphere
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-is also an important variable in the management of agricultural systems, forests, and hydrological resources. Hence, estimates of ET at different spatial scales, ranging from individual plants for managing irrigation, to basin scales to evaluate water availability, are required by many applications(e.g. Dunn and Mackay, 1995; Le Maitre and Versfeld, 1997; Gowda et al., 2008; Fisher et al., 2017) . maining components of evaporation are based upon the formulation by Priestley and Taylor (1972) for potential evaporation, constrained by multiplicative stress factors. For transpiration and soil evaporation, the stress factor is calculated based on the content of water in vegetation (microwave vegetation optical depth) and the root zone (multilayer soil model driven by observations of precipitation 95 and updated through assimilation of microwave surface soil moisture). For regions covered by ice and snow, sublimation is calculated using a Priestley and Taylor equation with specific parameters for ice and supercooled waters. For the fraction of open water at each grid cell, the model assumes potential evaporation.
The recent GLEAM v3 model of Martens et al. (2016) is adopted here and replaces the model of averages. Given the relatively short period, they are further smoothed by applying a 30-day moving average filter. For the towers however, the climatology is estimated over all available site years (even if outside the 2002-2007 period) in order to estimate a climatology that is as robust as possible (note that the obtained climatologies are also further smoothed using the same moving average filter).
and are in principle a suitable tool to extrapolate the tower weights. Here it is is used to model the statistical distribution of the weights. However, given that the this error distribution does not only 195 depend on the variables used as predictors in the NN approach, the weights can never be perfectly predicted.
A standard multi-layer perceptrons with a 11 inputs first layer, one hidden layer with 30 neurons and sigmoidal activation functions, and one output layer with 3 neurons and linear activation functions, is used for the regression. Inputs to the NN are the GLEAM, together with the surface net radiation, the near-surface air temperature, the relative humidity, the soil moisture, the vegetation optical depth, and the project LAI and FAPAR (see Section 3.1). The outputs to be predicted by the NN are the GLEAM, PT-JPL, and PM-MOD weights. The NN initial weights are randomly initialized by the Nguyen-Widrow algorithm (Nguyen and Widrow, 1990) , and the final weights assigned by a Marquardt-Levenberg backpropagation algorithm (Hagan and 205 Menhaj, 1994) minimizing a standard sum of square errors (Bishop, 1995b) . Note that given the statistical nature of the prediction, the sum of weights can slightly differ from the expected value of one. To assure the sum equalling one, the NN predicted weights are normalized by their sum.
The objective of any NN is to model the general distribution of the data, not the very specific features of the training dataset. The existence of these specific features is unavoidable, as any training 210 dataset is always limited in terms of being a sample of the true distribution. Modelling the specific features is often referred to as "over-fitting". To prevent the latter standard techniques such as early stopping are applied (Bishop, 1995a) . In practice this involves monitoring the evolution of the NN error function for an independent validation data set, here constructed by randomly sampling 20% of the original training data set. While this error decreases at the beginning of the training, there is 215 a moment when starts to increase again. This is taken as an indication of the NN starting to over-fit, and the training is haltered.
Preventing over-fitting only assures the right NN model complexity for the conditions sampled in the training data set. In this particular case the limited spatial coverage of the tower stations suggest a poor sampling of the global conditions (see Section 3.2), and further tests are required 220 to see the NN capacity to extrapolate to un-sampled conditions. For this, we will apply out-sample techniques where one tower station is removed from the training data set, followed by assessing the NN performance at the removed station. If the performance is poor, this strongly suggests that the training data set is not robust enough to represent conditions not sampled within this training data set distribution. Note that for the early-stopping technique training and validation subsets contain data 225 from the same stations. So, if the out-sample technique is also applied, the data from the removed station is no longer part of the training nor validation subsets during the cross-validation.
Note that as tower measurements were masked for rainy intervals (see Section 3.2), the interception loss of the modelled ET is not evaluated. Therefore, only the sum of soil evaporation and transpiration is compared with the tower data and weighted. To derive the total ET merged product, 230 an estimate of interception loss should also be provided, either by (1) assuming that GLEAM, PT-JPL, and PM-MOD interception loss are equally uncertain and adding their average to the weighted soil evaporation and transpiration, or; (2) by adding just one of the individual model interception losses, if there are reasons to believe that the selected one is less uncertain. Here we adopt the first approach, so the total ET product is the sum of the weighted soil evaporation and transpiration,
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together with the inter-product interception loss.
Metrics
Agreement with the towers ET is analyzed by calculating the Pearson correlation coefficient (R), the Mean Square Difference (MSD), and the Root Mean Square Difference (RMSD) according to the expressions:
where P and O are the model-derived and observed (or a second model-derived) variate, and N is the number of cases. The MSD can be decomposed into a random (MSD r ) and systematic (MSD s )
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component following Willmott (1982) by using the expressions:
whereP i = a + bO i is the linear least squares regression of P onto O, being a and b the regression 250 intercept and slope, respectively. Notice that MSD = MSD r + MSD s .
Statistics are calculated for the complete study period, or separately for the boreal winter (DJF), spring (MAM), summer (JJA), and autumn (SON). For the correlations, statistical significance is tested by calculating 95% confidence intervals. For the correlation differences, a Fisher Z-transformation is applied to the correlations, and a Student t-test at a 5% significance level used to test the signifi-
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cance of the difference. The autocorrelation of the daily time series is taken into account by reducing the degrees of freedom using an effective sampling size (De Lannoy and Reichle, 2016; Lievens et al., 2017) .
Data

Model inputs
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The GLEAM, PT-JPL, and PM-MOD required global inputs remain unchanged with respect to and Miralles et al. (2016) , apart from the precipitation product, and are applied at the same resolution of 0.25 o . Common inputs to the models are the surface net radiation, coming from the NASA and GEWEX Surface Radiation Budget (SRB, Release 3.1 Stackhouse et al., 2004) , and the near-surface air temperature, sourced from the ERA-Interim atmospheric reanalysis , 2011b, a) , and information on snow water equivalents, from the ESA GlobSnow product for the Northern Hemisphere (Takala et al., 2011) , and from the National Snow and Ice Data Center (NSIDC) in snow-covered regions of the Southern Hemisphere (Kelly et al., 2003) . 
Tower data
The FLUXNET 2015 synthesis data set (http://fluxnet.fluxdata.org/) is used to obtain point-based 275 measurements of evaporation (referred to as tower ET), and it is processed as in Martens et al. (2016) to retain only high-quality data appropriate to evaluate the evaporation estimates. Starting from the original time resolution (generally 30 minutes or 1 hour), the processing involves: (1) masking measurements using the originally provided quality flags; (2) masking measurements for rainy intervals, only leaving observations if both the global precipitation product and the local measurements (if Eddy-covariance measurements are subject to errors, both random and systematic, and any merging technique using them as reference is likely to be impacted by those errors. Systematic errors can arise from instrumental calibration and unmet assumptions about the meteorological conditions, while random errors are typically related to turbulence sampling errors, the assumptions of a con-stant footprint area, and instrumental limitations (Moncrieff et al., 1996) . Estimating these errors is 295 far from simple, and typically requires dedicated experiments (Nordbo et al., 2012; Post et al., 2015; Wang et al., 2015) . As such, reporting them is not a widespread practice and error statistics for the individual sites are not commonly available.
The propagation of systematic errors typically results in the lack of energy balance closure observed at many eddy-covariance sites (Wilson et al., 2002; Foken, 2008) . Methods to correct the 300 energy unbalance exist, with the Bowen ratio approach (Twine et al., 2000) and the energy balance residual approach (Amiro, 2009 ) being the most frequently adopted. Corrected fluxes are typically preferred over the original uncorrected observations, but these corrections implies the need for surface radiation and soil heat flux measurements, which are not routinely measured at all stations. At the sites where they are available, the FLUXNET 2015 data set offers a test product containing a cor- 
where F gt IGBP is the fraction of MCD12Q1 500 meter cells included in the 25 km model grid cell containing the tower and having the same IGBP land cover than the model cell, F t bare , F t herb and F t f orest are, respectively, the bare, herbaceous, and forest fractions of the MOD44B 250 meter cell containing the tower, and F g bare , F g herb and F g f orest are the same fractions but calculated for the 
Inter-product comparison
The multi-annual GLEAM, PT-JPL, and PM-MOD total ET, together with their absolute and relative differences, are shown in Fig. 2 . Differences of the same order can be observed when other products 350 are inter-compared (Jimenez et al., 2011) . Given the use of common meteorological forcing (see Section 3.1), the observed differences are mainly introduced by the different approaches to model ET. The disagreement also extends to the the models partitioning of ET into its different components, as shown in Miralles et al. (2016) and (Talsma et al., 2018) . We recall here that, as discussed in Section 2.3, only the sum of the soil evaporation and transpiration is compared against tower fluxes. An example of good agreement is the forest group in autumn, with the distributions of both ET and Ae being quite similar for the observed and modelled variables. The crops/grass group in summer also shows reasonable agreement between the GLEAM and PT-JPL ET distributions, but larger 375 differences with PM-MOD and the tower ET. In that case, the tower ET shows a clear bimodal distribution, which cannot be replicated any of the models. This may be due to agricultural management practices being poorly captured by the models (e.g., irrigation), but may also reflect the large heterogeneity of croplands and their (a priori) low representativeness of the larger pixel scale. For the shrubs/savanna group during summer, the four ET distributions are quite different, with the Ae dis-380 tributions also showing differences. For these cases it is difficult to identify whether tower and model ET differences are due to biases in the surface radiation, or discrepancies in the ET formulations.
5 Local merging
Local weights
A summary of daily weight statistics over all the sites belonging to a given land cover group is 385 given in Fig. 4 . These weights have been derived based on the differences between the ET product anomalies and the tower ET anomalies as explained in Section 2.2.1. As expected, the simple average product (SA-merger) equally weights all products with a value of 1/3 and is added here as reference.
Notice that the weights can take negative values, although the sum of the weights is still one. This happens when the full error covariance matrix has large off-diagonal values reflecting the correlation 390 between the different product errors (e.g. Jones et al., 2008; Hobeichi et al., 2018) . This correlation is expected given that the products share some common inputs and model formulations, and it is specially noticeable for GLEAM and PT-JPL. On average, GLEAM has the largest weights and contributes more to the weighted anomalies, but the relative weight of each model is not uniform per season or land cover. For instance, for the forest class PT-JPL is more weighted than GLEAM in 395 winter, while the reverse is true in autumn. An example of the temporal variability of the weights at three towers is given in Fig. 5 . At the FR-Pue site, a Mediterranean forest located in France (Rambal et al., 2004) , GLEAM starts to be clearly more weighted for the second part of the year. The correlation between the GLEAM and PT-JPL anomalies is visible in the anti-correlation displayed by the weights. At the US-SRM site, a 400 semi-arid grassland site in southwest of US , PM-MOD is typically more weighted than GLEAM and PT-JPL in spring, and all weights depart less from the 0-1 range, suggesting more independent errors at this particular station. The last site, the US-Ne1 cropland station situated in North America (Verma et al., 2005) , is an example of closer weights for all models for some periods of the year. This happens during the first half of the year. For the second part of the year, the weights 405 change more, with PT-JPL being the most weighted product during some months. Concerning the RMSDs, they are slightly lower for WA-merger for all seasons except for winter 440 months. As SA-merger and WA-merger share their climatology (see Section 2.2.1), large differences between both are not expected. This means that the biases between the merged products and the tower ET are preserved for both mergers, indicating that most of the differences in RMSD is coming from changes that are also reflected in the correlations.
Merged products
6 Global merging 445
Global weights
The local weights at the 84 stations have been extrapolated by the NN as described in Section 2.2.2.
The seasonal averages of the weights are presented in Fig. 8 . Overall, the spatial patterns of the ex- 
Merged products
The seasonally averaged ET differences between WA-merger and SA-merger, normalized by the seasonal SA-merger, are plotted in Fig. 9 . The large differences in (semi-)arid areas or the northern latitudes in winter are related to the very low ET absolute values. For the remaining land, most of the relative differences are within the ±25% range. Overall, there are more negative than positive 7 Consideraions on the merging 7.1 Tower representativeness
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Our inverse error variance weighting is based on the differences between the model and tower ET anomalies. However, it is expected that part of the difference between in situ measurements of ET and model estimates respond to the mismatch in spatial resolution (tower footprint versus model cell). The RMSD of SA-merger against the towers ET, normalized by the mean annual tower ET, is displayed in Fig. 10 for all the available stations, together with the station I h described in Section 2.3.
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The towers are sorted from maximum to minimum I h , i.e., starting by the towers better representing the grid cells where they fall. Nonetheless, low and high normalized RMSDs can occur at stations with comparable I h , indicating that spatial heterogeneity is only one of the contributing factors to the ET differences. In fact, if the RMSD is linearly regressed on the I h , the slope of the fit is close to zero, as shown in Fig. 10 . Also for the separate products (GLEAM, PT-JPL, and PM-MOD) and
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WA-merger, no significant correlation between their RMSD against in situ measurements and Ih was found (results not shown). This indicates that for the calculated Ih, and the selected sample of ET products and stations, the error related to the inconsistencies between the tower footprint, and the model pixels does not dominate the total error budget. 
Inverse error variance weighting
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The objective on an inverse error-variance weighting is to find the estimate that minimizes the variance of the random error (Rodgers, 2000) . As such, the merging only results in the optimal weights if applied over an ensemble of unbiased estimates. Strictly speaking, this requires removing the bias between the model ensemble and in the situ observations prior to the merging, which is not the case here (see Equations 1 to 3). The objective here was to correct the product anomalies towards the Nevertheless, even if optimality in the sense of minimizing the error variance of the WA-merger cannot be assured, weighting the anomalies should result in a decrease of the random error. This is shown in Fig. 11 , where box plots of the random (MSD r ) and systematic (MSD s ) components 500 of the difference between the products and the tower observations are displayed (see Equations 6 and 7). From the original products, GLEAM and PT-JPL have comparative error components, while PM-MOD is more distinctive, having smaller MSD r and larger MSD s . The latter likely relates to the tendency of the PM-MOD to underestimate ET and its variance Miralles et al., 2016) . Comparing WA-merger to SA-merger, the reduction of the MSD r for WA-merger is 505 indicative of the merging being effective in this regard. There is also a slight reduction in the MSD s , with WA-merger having the smallest median error of all products.
Weights extrapolation
The number of stations used in this merging exercise is certainly limited in terms of covering different biomes and climatic conditions. Hence, the ability to represent the full distribution of ET across 510 time, space, and biomes is questionable. This is verified here by out-sampling the NN training data set in two different ways. In the first test all stations are included in the tower data set, i.e., the standard configuration used to produce the global WA-merger. Before training the NN, 15% of the days at each station are randomly masked from the training data set, and the prediction statistics are derived over this independent subset. In the second test, the station where the prediction will be 515 checked is entirely removed from the training data set, i.e, the weights for that station are derived using a NN that did not include that station in the training phase (i.e. leave-one out cross validation).
A box plot summarizing the correlation and RMSD between the station weights and the weights predicted by the NN for these two tests is presented in Fig. 12 . The results clearly show that the correlation and RMSDs between the predicted and the original weights at the stations degrades notably 520 when stations are fully removed from the training data set. This implies that the global extrapolation of the weights will be quite uncertain for conditions not sampled in the available tower data set. For some stations, the out-sampling from the training data set does not have a large effect, because the mapping between the predictors and ET can still be approximated from the relationship presented by other stations. This is for instance the case for the Canadian forest stations CA-NS1-7 (results not 525 shown). However, for other stations, the statistics are good when predicted with the standard data set, but poor with the one-station-removed data set, indicating that the particular conditions of those stations are not well represented in the out-sampled data set. This happens for stations such as US-Wi4
(forest with a snowy winter and warm humid summer) and CN-Dan (grasslands with a polar tundra climate). Finally, there are also stations where statistics are rather poor in both tests, indicating that a 530 link between the model inputs and the related output error could not be established. This is the case for stations such as IT-Col (deciduous broadleaf forest with temperate climate) or MY-Pso (tropical forest). This guaranties that the extrapolation of weights to areas with similar conditions will be very uncertain, even if those conditions were represented in the tower data set.
An additional test to check the representativeness of the tower data set is conducted by globally 535 extrapolating the weights with each of the previous 84 NNs trained without one station, and then checking the variability of the predicted weights. For the conditions well represented in the training data set, it is expected that removing one station will only result in slight changes in the extrapolated weights. However, for regions that are poorly represented, a slightly different data set is likely to result in substantially different weights. This is illustrated in Fig. 13 , where a weight variability 540 index is displayed. The index is calculated by: (1) estimating for each global cell the annual standard deviation of the GLEAM, PT-JPL, and PM-MOD weights, normalized by the sum of the absolute annual model weights, and; (2) averaging this standard deviation over the three models. To facilitate its display in Fig. 13 , it has been scaled to span the range 0-1. Overall the variability is larger in the Southern Hemisphere than in the Northern Hemisphere, which is expected given that all stations evaporation based on a Penman-Monteith formulation, but a very similar evaporative stress and radiation partitioning formulation to the one by PT-JPL. In WA-merger, the weights were estimated using the error-variance of the individual product anomalies, with the error defined as the difference between tower-based ET anomalies and modeled ET anomalies for non-rainy conditions. Then the final data set was reconstructed by adding the weighted anomalies to the mean seasonal climatology 610 of the products. A similar approach was followed to generate SA-merger, but in this case giving equal weights to the anomalies of all three products. Finally, the potential to extrapolate these locallyestimated weights to the global scale based on a neural network approach has been explored. Given the described framework, the intent here is to evaluate the potential of blending these data sets to yield anomalies of ET that better represent those measured by the global network of eddy-covariance 615 towers. We note that capturing anomalies in ET is crucial for applications such as drought monitoring or irrigation planning.
The resulting local weights showed seasonal patterns and negative values at many stations. This was to a large extent related to correlation in the errors of the anomalies of GLEAM and PT-JPL.
Nonetheless, seasonal correlations between WA-merger and the tower ET are overall higher than for 620 the individual products and SA-merger. This is mostly attributed to a successful reduction in the random error. Meanwhile, the globally extrapolated weights showed seasonal and regional variability, with these patterns resulted in seasonal differences between the global SA-merger and WA-merger of up to 25% in a large number of regions. However, the limited global coverage of the tower stations, mostly located in the Northern Hemisphere temperate regions, casted doubts on the ability of the NN 625 prediction scheme to reliably extrapolate the locally-estimated weights. This was apparent when the extrapolation was tested over individual stations with the training data set not including the station under study, and when reproducing the global extrapolation of the weights with the training data set missing one station at a time. Both mergers were also compared with the ET inferred from water balance calculations in different catchments across the globe, and similar correlations and RMSDs
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were obtained, with only slightly better results for the WA-merger over wet basins.
Several limiting factors for the merging exercise are identified, some of which could be informative for other initiatives aiming to blend ET data sets. A longer study period can give access to more in situ data and extend the in situ data set to less represented regions. This would clearly help the global extrapolation of the weights. In addition, the mismatch between the spatial resolution of the 635 towers and the products is still an issue, despite the fact that here other error sources were deemed to be more dominant. The impact of the mismatch in spatial resolution is expected to be minimized as ET datasets move towards finer spatial resolutions. Dependency between the ET products can also have an impact on the merged products. In this study the GLEAM, PT-JPL, and PM-MOD products are derived with common data sets for their shared inputs. While this was motivated by the pri-640 mary objective of WACMOS-ET of studying algorithm differences, this is can become a drawback when aiming to achieve an optimal merger. In that case a lower inter-dependency is expected to be beneficial.
Overall, our study suggests that an inverse error variance scheme combining information from tower observations and ET products has the potential to improve upon the simple mean proposed 645 by several previous efforts (e.g. Mueller et al., 2013) . However, care should be taken regarding the dependence of the products to be merged, the tower coverage, the different product errors, the spatial representativeness of the in situ measurements at the products resolution, and the nature of the errors of the ET products. Critical for the success of the merging scheme is the adequate characterization of the uncertainty of the individual products, and finding an effective method to extrapolate the 650 weights from the tower space to the global landscape. The latter seems challenging, and given the difficulties found here, alternatives should be considered. A possibility could be triple collocation (Yilmaz et al., 2012) . This technique would require two new global ET data sets independent from the products that need to be merged . This can be demanding, but work in that direction has already started (Khan et al., 2018 ). An added advantage of this approach will be that the tower observations 655 could then be used as an independent evaluation set, similar to the approach carried out for some other Earth Observation products, such as the soil moisture estimates from the ESA Climate Change
Initiative (Gruber et al., 2017) . This can be of importance, given the very few existing data sets that can be used to presently evaluate ET estimates.
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